Vertical coordinate information is referenced to the North American Vertical Datum of 1988 (NAVD 88).
Horizontal coordinate information is referenced to the North American Datum of 1983 (NAD 83).
A water year is the 12-month period October 1 through September 30 designated by the calendar year in which it ends.
Introduction
Streamflow resources are inherently vital to the ecological and economic viability of Texas. In 2013, the U.S. Geological Survey (USGS) operated more than 500 continuous streamgages (streamflow-gaging stations) in Texas; the data and ancillary information are stored in the USGS National Water Information System (NWIS) database (U.S. Geological Survey, 2013). Long-term streamflow data, which are anticipated to be representative of natural and unregulated watershed conditions, are useful for evaluation of changes (trends) in streamflow attributable to systematic landuse changes, changes in groundwater gains or losses, climate cycles and changes, statistical vagaries, and other influencing factors. Long-term data are defined for this investigation as having at least 49 years of cumulative record. Magnitude and frequency analysis of extreme streamflow conditions and events (rare high-, low-, and drought-condition streamflows) is improved (uncertainty reduced) with statistics of large sample sizes provided by long-term streamflow datasets. The terms "natural and unregulated" do not indicate that the annual mean streamflow data are not to a minor degree affected by land-use changes, municipality development, flood-control regulation, or other water resources development infrastructure. Often there are diversions upstream for ranch or farm use, and municipalities exist within each of the watersheds.
Additionally, streamgages flagged as "regulated" as of 2013 in the annual peak streamflow database within NWIS (http://nwis.waterdata.usgs.gov/tx/nwis/peak) were not included in the analyses. As described by Asquith (2001) , two commonly used classification schemes consider regulated stations or individual peak streamflows as (1) those stations where at least 10 percent of the contributing drainage area of the basin is affected or controlled by reservoirs, or (2) those peak annual streamflows affected to an appreciable degree. The later scheme has an aspect of hydrologic judgment. USGS hydrologists assign a numeric code of "6" in the annual peak streamflow database to a streamgage to designate peak streamflows affected by regulation. As a matter of general logic and database consistency, once the annual peaks at a station are classified with a code "6" that code remains in place for all subsequent annual peaks. Although used for this investigation in part for streamgage eligibility, it is important to note that the numeric code of "6" is primarily associated with classification of annual instantaneous peak streamflows in contrast to annual mean streamflow.
About two-thirds of the total freshwater usage in Texas consists of surface water (Kenny and others, 2009, p. 6 ).
There are approximately 200 reservoirs with a substantial flood-storage capacity of 3,000 acre-feet (acre-ft) or more throughout Texas (Dowell, 1964; Asquith, 2001; Texas State Historical Association, 2013) . Total storage capacity at these reservoirs is approximately 25 million acre-ft. There are many permitted and nonpermitted diversion-and return-flow points throughout watersheds and river basins in Texas (Texas Commission on Environmental Quality, 2013), a fact that complicates the task of identifying natural and unregulated annual peak streamflows unaffected by substantial reservoiror other water-development activities in Texas (Asquith, 2001) . Although hundreds of streamgages were active in Texas in 2013 ( fig. 1 ), many were located in watersheds with obvious upstream regulation by large-scale flood-control infrastructure, large metropolitan areas, or other urbanized land uses.
Streamflow statistics for unregulated streams in Texas are useful in resource assessments (such as water-supply studies) and to water managers, hydrologists, biologists, and ecologists for various types of hydrologic studies. For example, longterm streamflow data that are representative of natural and unregulated watershed conditions are useful for evaluation of changes (upward or downward trends) in streamflow attributable to systematic land-use changes, changes in groundwater gains or losses, assessments of climate cycles, and investigations of climate-related changes in streamflow. Annual mean streamflow data for unregulated watersheds can be used to compute mean annual streamflow over long periods of time and represent the expected annual volume of water measured at a streamgage. Magnitude and frequency analyses of extreme streamflow conditions and events (rare high-, low-, and drought-condition streamflows) are enhanced (uncertainty reduced) with statistics of large sample sizes provided by long-term datasets of natural unregulated streamflow.
Accordingly, the USGS, in cooperation with the Texas Water Development Board, evaluated annual mean streamflow data for 38 selected, long-term USGS streamgages that were active as of water year 2012 and considered natural and unregulated ( fig. 1, table 1) . Individually, the 38 streamgages have at least 49 and as many as 97 years of annual mean streamflow data; the average period of record is 68 years. The minimum contributing drainage area (CDA) is about 43 square miles (mi 2 ), the mean CDA is about 788 mi 2 , and the maximum CDA is about 4,190 mi 2 . Streamgages throughout the entire State were considered; the streamgages are located throughout the central and eastern parts of Texas as shown in figure 1.
Previous Studies
Retrospective studies of Texas streamflow data encompass a considerable body of work from which subsequent investigations have been and can be based. Statistical and historical summaries of streamflow data in Texas within the past 15 years have been published, including Lanning-Rush (2000), Asquith (2001) , Asquith and others (2007a, b) , Asquith and Heitmuller (2008) , Asquith and Roussel (2009) , , others (2012), and Winters (2013) . Each of these studies considers a broader spectrum of streamflow characteristics (statistics) and stations (specific study areas) than does this investigation. The previous studies provide considerable graphical depictions of streamflow history and augment time series graphics and tables that are readily obtained by public users of the USGS NWIS interface known as NWISWeb (http://waterdata.usgs.gov).
Lanning-Rush (2000) provided regional regression equations to estimate mean annual streamflow (arithmetic mean of the annual mean streamflows) as well as mean seasonal (spring, summer, fall, winter) streamflow for unmonitored stream sites throughout Texas. The regression equations by Lanning-Rush (2000) are based on the statistical relation between mean annual streamflow (as well as seasonal streamflow), contributing drainage area, and mean annual (or seasonal) precipitation. Lanning-Rush (2000) evaluated mean streamflow values in Texas.
Asquith and Roussel (2009) provided regional regression equations for estimation of annual peak streamflow quantiles, such as the 0.5 or 0.9 annual nonexceedance probabilities, which can be interpreted as cumulative percentiles, of the annual peak streamflows (for example, the 0.9 probability peak streamflow would be representative of substantial storm flow that has on average a 1 in 10 chance of being equaled or exceeded in any 1 year). Asquith and Roussel (2009) provided a thematic template for regionalization of other streamflow characteristics in Texas; as of 2013, a similar study of annual mean streamflow quantiles in Texas has not been published.
Retrospective studies similar to the 2013 investigation include , which evaluated trends in selected streamflow statistics for 19 long-term streamgages assumed to represent outflows from Texas, and Barbie and others (2012) , which evaluated trends in selected streamflow statistics for one west Texas river basin. Asquith (2001) did a statewide study of the effects of flood-control regulations on statistics of annual peak streamflow for more than 300 hundred streamgages in Texas. As a part of the Asquith and Roussel (2009) study, periods of natural and unregulated annual peak streamflow records were identified. Data files by station from Asquith and Roussel (2009) were consulted as a component of screening of streamgages for inclusion in this investigation.
Winters (2013) 
Purpose and Scope
The purpose of this report is (1) to describe the results of statistical tests for monotonic trends in annual mean streamflow statistics from natural and unregulated watersheds in Texas that were computed by using the nonparametric Kendall's tau statistical test to evaluate for independence with time or quantify whether statistically significant monotonic changes in a given streamflow statistic have occurred over time, and (2) to provide select summary statistics (L-moments) of the annual mean streamflow data that provide specific details of the "geometry" and "shape" of probability distributions of annual mean streamflow for streamgages where statistically significant trends in streamflow are not detected. Trend analyses and summary statistics for the 38 streamgages are provided. This report also provides an example application demonstrating how selected summary statistics (L-moments) of annual mean streamflow can be used to enhance the regional understanding of the magnitude and frequency of annual mean streamflow "events" (quantiles) through the use of a dimensionless regional frequency curve.
Methods
The underlying data for this investigation were daily mean streamflow for each station (365 or 366 values per year). USGS NWIS databases provided time series of annual mean streamflow for each of the streamgages. The dataset was restricted to the selected 38 long-term streamgages that each had a minimum of 49 years of cumulative record and were considered to be representative of natural and unregulated watershed conditions because they were coded in the NWIS database as recording peak streamflows that are not substantially affected (less than 10 percent of the CDA is controlled by dams and others structures that regulate streamflow). The streamgages were selectively screened for inclusion in this investigation from the overall USGS streamgage network in Texas based on information or foreknowledge of Texas hydrology obtained from prior USGS studies (Asquith and Slade, 1997; Lanning-Rush, 2000; Slade and others, 2001) . The data for this investigation encompass the period of available record of annual mean streamflow. Many of the 38 streamgages included in this study have gaps in their records as listed in table 1. The gaps are illustrated in figure 2 where the sequence numbers listed in table 1 provide streamgage identification. Gaps in record can result from disruptions in the cooperative agreements between the USGS and the Federal, State, and local cooperators that share responsibility for operation of the streamgage. Major roadway construction also can disrupt continuous operation because streamgages often are located on bridges and along roads and highways.
There were other qualified long-term streamgages that were not included in this report because substantial cross correlation in the streamflow measured at these streamgages with the streamflow measured at other streamgages on the same stream is either likely or has been previously documented (Slade and others, 2001 ). For example, if two long-term streamgages reside on the same stream course and are comparatively close to each other (distance not defined but rather based on ad hoc considerations including the size of the watershed upstream from the gage), then their records lack statistical independence.
The nonparametric Kendall's tau statistical test was used to detect monotonic trends in annual mean streamflow over time (Hollander and Wolfe, 1973; Helsel and Hirsch, 2002) . Specifically, the test uses the relation between time and ranked streamflow, rather than streamflow magnitude, for computations; thus, the trend analyses in this report (unless otherwise noted) refer to the direction but not the magnitude of streamflow change. A statistically significant positive Kendall's tau value indicates an upward streamflow trend; conversely, a statistically significant negative tau indicates a downward streamflow trend. The probability value (p-value) of Kendall's tau is a measure of the statistical significance of the trend assuming a null hypothesis that no trend is present. For this investigation, a p-value less than 0.02 indicated the presence of a statistically significant trend (alpha = 0.02); conversely, a p-value greater than 0.02 indicated the absence of a statistically significant trend. If an inquiry into the actual direction of the trend was needed, then the p-values required a division by 2 because the Kendall's tau statistical test is inherently a two-tailed test.
To compute the Kendall's tau statistics and p-values, the R environment for statistical computing (R Development Core Team, 2012) was used. Specifically, the R function cor.test(..., method="kendall"), and its associated features were used. The documentation within the R environment provides further information. Generally, if trends are apparent, they might be caused by factors such as (1) landscape and land-use modifications and changes, (2) changes in groundwater gains or losses, (3) surfacewater use and return flows from facilities such as municipal wastewater treatment plants, and (4) potential trends in precipitation patterns and other general climatic shifts, cycles, and changes.
When monotonic trends in annual mean streamflow were detected, the nonparametric Theil slope of the streamflow was used to quantify change in streamflow in cubic feet per second per year. The Theil slope is a nonparametric estimate of a regression slope of annual mean streamflow with time. The Theil slope is defined as the median of all unique pairwise slopes (there are n • (n − 1)/2 unique slopes, with n being the record length) from the available record for an individual streamgage (Hollander and Wolfe, 1973, p. 205-206) .
L-moments (Hosking, 1990) are especially suitable for estimation of the parameters of probability distributions (Hosking and Wallis, 1997; Asquith, 2011) . A fitted probability distribution facilitates the extrapolation to 6 Trend Analysis and Selected Summary Statistics of Annual Mean Streamflow for 38 Selected Long-Term USGS Streamgages extreme and otherwise rare low-or high-flow conditions or events outside or beyond the available length of record (Hosking and Wallis, 1997) . L-moments have been successfully used for regional assessment of the magnitude and frequency of various hydrometeorological phenomena in Texas (Asquith, 2001; Asquith and Roussel, 2004; Asquith and others, 2006; Asquith and Roussel, 2009) . A general overview of regionalization in hydrology is provided by Stedinger and others (1993) . Selected summary statistics of annual mean streamflow (L-moments) for the 35 streamgages for which no trends in streamflow were detected. The sample variances for the L-moments of each streamgage also were estimated by bootstrap resampling (Verzani, 2005; Rizzo, 2008; Ugarte and others, 2008) . These sampling variances were subsequently used to compute inverse-variance, weighted mean values of each of the L-moments. The weighted mean values of the L-moments represent "regional expectations" for the study area.
Trend Analysis and Selected Summary Statistics of Annual Mean Streamflow
This section (1) summarizes the trend analysis of annual mean streamflow supported by Kendall's tau, (2) reports a nonparametric Theil slope of the streamflow change per year for streamgages having statistically significant trends, and (3) presents selected summary statistics of annual mean streamflow for the 35 streamgages for which Kendall's tau did not detect a statistically significant trend in streamflow for the period of record. Because published graphical and tabular 1915 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 2015 Water year
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depictions of streamflow time series information in Texas are readily available (Asquith and others, 2007a, b; Asquith and Heitmuller, 2008; Winters 2013) , and because time series graphics and tables can now be produced with ease by using the NWISWeb interface, graphical depictions of streamflow time series are not presented in this report.
Trend Analysis of Annual Mean Streamflow
A summary of the Kendall's tau analysis for each of the 38 streamgages is listed in table 2. The results of the analysis show that the majority of the streamgages do not have statistically significant trends with respect to annual mean streamflow. In other words, the general annual volumetric production of surface water from the corresponding watersheds appears to have not appreciably changed during the respective periods of record for the individual streamgages. Such an observation does not mean that one or more parts of the hydrologic spectrum, such as flood peaks or annual minimum streamflows, are themselves "trendless."
Three stations have statistically significant trends. The monotonic trend analysis detected 2 statistically significant upward trends (0.01 one-tail significance), 1 statistically significant downward trend (0.01 one-tail significance level), and 35 instances of no statistically significant trend (0.02 two-tailed significance level). Figure 2 identifies the three streamgages that had statistically significant trends in annual mean streamflow. These results were not surprising given that the streamgages were screened to include only those where the streamflow was thought to be natural and unregulated for the entire period of record at each station. Possible effects from potential long-term changes in groundwater levels along the stream channel or any changes in precipitation amounts over time were not considered.
Theil slopes for the three streamgages for which statistically significant trends in streamflow were identified are as follows: station 07299670 has an estimated increase of +0.40 cubic feet per second (ft 3 /s) per year, station 08068500 has an estimated increase of +2.72 ft 3 /s per year, and station 08134000 has an estimated decrease of −0.24 ft Although not statistically significant, the results in table 2 show that a positive Kendall's tau value was determined for 25 of the 35 streamgages for which no trend was detected. The binomial test (Hollander and Wolfe, 1973, p. 15-22) was used to assess the likelihood of such a high number of positive values for Kendall's tau and to assess if there were an equal likelihood of numerically negative or positive values in the absence of any streamflow trends. If 25 were considered the "number of successes" from a sample size of 35 with an anticipated probability of 0.5, the binomial test, which was performed by using the binom.test() function with the respective arguments from the R environment (25, 35, p=0.5) , yields a p-value of 0.02. This also is a small p-value and not related to the alpha value of 0.02 used to assign statistical significance for the Kendall's tau tests. Thus, it may be concluded that there is a statistically significant likelihood that in aggregate, annual mean streamflow has increased slightly to an undocumented degree for 25 of the 35 streamgages although these 25 streamgages individually do not have statistically significant trends. Furthermore, analysis of long-term statewide precipitation totals could be made to bolster (or counter) the finding of a statistically significant likelihood that in aggregate, the annual mean streamflow has increased slightly for 25 of the 35 streamgages for which individual trends were not detected.
Selected Summary Statistics of Annual Mean Streamflow
This section describes selected summary statistics (L-moments) and sampling variances from replacementbootstrap simulation for the 35 streamgages that individually lack statistically significant trends. These statistics of annual mean streamflow for each streamgage represent a collection of different numerical values that together describe the location, scale, and various metrics of the shape of the observed data.
Logarithmic transformations are commonly used in statistical analyses of streamflow data (Stedinger and others, 1993) . For example, logarithmic transformations of strictly positive hydrologic data are done to avoid conditional probability adjustment for the zero values; values equal to zero must be offset to avoid using a logarithm of zero. A mathematical benefit of using logarithmic transformation is that probability distributions with infinite lower and upper limits become applicable. Logarithmic transformations of annual mean streamflows at each of the 35 unregulated streamgages were done to compute summary statistics that have utility in other applications. An arbitrary value of 10 ft 3 /s was added to the streamflows for each of the 35 streamgages lacking statistically significant trends prior to logarithmic transformation to accommodate mean annual streamflows equal to zero (no flow). These data are referred to as the "offset annual mean streamflow." The offsetting along the real-number line permits direct use of logarithmic transformations without the added complexity of conditional probability adjustment for zero values in magnitude and frequency analyses (Hosking and Wallis, 1997, p. 151-152; Asquith, 2011, p. 283-285) . L-moments are a type of statistic used to quantify the location, scale, and shape of probability distributions (Hosking, 1990; Hosking and Wallis, 1997; Asquith, 2011) . The first six sample L-moments of the base-10 logarithms of the offset annual mean streamflow were computed by using the lmoms(..., nmom=6) function in the lmomco package for R by Asquith (2013) . To clarify, the nmom=6 in the argument to the lmoms() function is a command to R to compute the first six L-moments. The sample L-moments are listed in table 3. The L-moments are not listed for the three streamgages for which statistically significant trends were detected because of a concern that the year-over-year distribution of the data shows a monotonic trend. The columns titled "L-scale" and "L-CV" can each be computed from the other by the equation L-CV = L-scale / mean, where L-scale is analogous (but not numerically equivalent) to standard deviation, and L-CV is the coefficient of L-variation (table 3) . Viglione (2010 Viglione ( , p. 2231 provides the following explanation of the L-CV coefficient and its utility in hydrologic studies: * * * the sample coefficient of variation (CV), that is, the ratio of standard deviation to the mean of a series of data, exhibits substantial bias and variance when samples are small or belong to highly skewed populations (Vogel and Fennessey, 1993) . This is the problem that is normally encountered in hydrology when dealing with floods or extreme rainfall events. The coefficient of L-variation (L-CV) is another-more efficient in many cases-measure of data dispersion introduced by Hosking (1990) . It has hence replaced the conventional CV in various applications of statistical hydrology.
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The sampling variances of each corresponding L-moment were used to compute regional or study-area values for the L-moments through weighted mean computation. Wang and Hutson (2013) describe an exact analytical bootstrap method for computation of sampling variance of L-moments. Unfortunately, the available years of record for each of the 35 streamgages is so large as to produce severe numerical problems in matrices in their method. In order to compute sampling variances for each of the sample L-moments for each streamgage, replacement bootstrap simulation was done by using the sample(..., replace=TRUE) function in R, which shows that replacement sampling was used. For estimation of the sampling variance, 10,000 replications for the corresponding sample size for each streamgage were used. An overview of bootstrap simulation is found in Rizzo (2008, p. 183-190) , Ugarte and others (2008) , and Verzani (2005) . The documentation within the R environment provides further information. For each bootstrap sampling, the first six L-moments were retained, and subsequently the variances of the 10,000 replicates of each of the six L-moments were computed. These sampling variances of the L-moments are listed in table 3.
The following values represent the weighted means of the L-moments (the regional L-moments) found by using the inverse of their respective variances as weight factors: mean = 1.9679, L-scale = 0.1706, L-CV = 0.0857, L-skew = −0.0200, L-kurtosis = 0.0759, Tau5 = −0.0030, and Tau6 = 0.0264. In turn, these regional L-moments can provide a basis for parameter estimation of a probability distribution to model the magnitude and frequency of annual mean streamflow as described by the example in the section that follows.
An Example Application of Regional Analysis of Annual Mean Streamflow Frequency
An example application of the L-moments listed in table 3 is provided in this section. In this example, the regional L-moments of annual mean streamflow in Texas are used to quantify the scale and shape of a dimensionless regional probability distribution. The adjective "regional" indicates that the weighted mean L-moments for the region loosely defined by the spatial scale that is congruent with the locations of the 35 streamgages and the respective watersheds for each streamgage. The structure of the probability distribution (Hosking and Wallis, 1997 ) is useful in regional magnitude and frequency analyses (Asquith and Roussel, 2009 ). The 4-parameter asymmetric exponential power (AEP) distribution was chosen from more than 20 possible distribution candidates (Asquith, 2011 (Asquith, , 2013 . The AEP distribution and its L-moments are thoroughly described by Asquith (2014) . The mathematical definitions for the AEP distribution are complex and are not listed in this report because they are not directly germane to the example application. The AEP distribution best reproduces the dimensionless regional L-moments with the minor change of setting the mean to unity and setting the regional L-scale to equal the L-CV, which removes dimension from the distribution (Hosking and Wallis, 1997) . The dimensionless regional L-moments, which are used to fit the AEP, are mean = 1, L-scale = 0.0857, L-skew = −0.0200, and L-kurtosis = 0.0759.
The parameters for the dimensionless regional AEP distribution defined per nomenclature of Asquith (2014) are xi = 1.028 (location parameter), alpha = 0.245 (scale parameter), kappa = 1.121 (shape parameter), and h = 3.064 (shape parameter). These parameters can be written in short hand as AEP(1.028, 0.245, 1.121, 3.064) or alternatively as AEP(Θreg) where Θ is a vector of the four parameters. This alpha parameter nomenclature is the same as the nomenclature of Asquith (2014) and elsewhere in L-moment literature for scale parameters (Hosking and Wallis, 1997) but is not the same as the statistical significance level defined in the context of Kendall's tau. Table 3 . Summary of first six L-moments of base-10 logarithms of offset annual mean streamflow and sampling variances computed by bootstrap simulation of 10,000 replications for the selected long-term U.S. Geological Survey streamgages in Texas.
[ft 3 /s, cubic feet per second; log, base-10 logarithm; "10", 10 cubic feet per second added; Table 3 . Summary of first six L-moments of base-10 logarithms of offset annual mean streamflow and sampling variances computed by bootstrap simulation of 10,000 replications for the selected long-term U.S. Geological Survey streamgages in Texas.-Continued 
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The theoretical L-moments for AEP(Θreg) fit to the regional L-moments (Asquith, 2014) are mean = 1, L-scale = 0.0857, L-CV = 0.0857, L-skew = −0.0200, L-kurtosis = 0.0759, Tau5 = −0.00480, and Tau6 = 0.0297. A comparison of these theoretical L-moments to the regional L-moments used to fit the AEP indicates that the AEP is a suitable distribution because of the "closeness" and "correct sign" of Tau5 (the 5th L-moment) (−0.0030 compared to −0.00480) as well as Tau6 (0.0264 compared to 0.0297). The fifth and sixth AEP L-moments are almost identical to the regional L-moments even though the AEP has just four parameters and directly fits the first four L-moments but also well approximates the fifth and sixth L-moments, which justifies the choice of the AEP over alternative 4-parameter distributions such as the kappa distribution (Hosking and Wallis, 1997; Asquith, 2011; Karian and Dudewicz, 2010) and the generalized lambda distributions (Asquith, 2011 (Asquith, , 2014 Karian and Dudewicz, 2010) . In fact, although the regional AEP in this instance comprises just four parameters, it achieves a remarkable degree of fit through the sixth regional L-moment.
By using the lmomco software package described by Asquith (2013), an AEP(1.028, 0.245, 1.121, 3 .064) of the regional distribution can be solved for a given nonexceedance probability (0.75 or the 75th percentile) with the following R code sequence: 0.245, 1.121, vec2par(AEP, type="aep4")) The 75th percentile (Q75) is about 1.11 (dimensionless).
The probability density function (PDF) of the regional AEP(Θreg) distribution is shown in the inset in figure 3 as the dashed red line. Inspection of the PDF in the figure inset shows that the regional AEP distribution has slight asymmetry of about 1 (unity) and a flatter central part than that for the site-specific PDF. If the original data were lognormally distributed, then their logarithms would be normally distributed and thus would plot as a nearly straight line on a logarithmic (vertical axis) and probability (horizontal axis) plot. The frequency curves in figure 3 indicate that the data for the long-record streamgages have inherent deviance from the log-normal distribution.
The average number of years of record (about 69 years) for the 35 streamgages lacking trends in streamflow in Texas can be used as a weight factor in combining the regional AEP distribution with a site-specific distribution from the observed annual mean streamflow data for a given streamgage. A weighted-frequency curve could enhance the reliability of regional annual mean streamflow frequency analysis for other streamgages in Texas as well as those in this investigation.
For the simplified analysis for this example, the regional AEP distribution is assumed applicable throughout the study area. A more refined analysis following Hosking and Wallis (1997) guidelines might consider the potential for smaller regions of similar rainfall, topography, geology, and other potential factors; or the analysis might provide for systematic explanation of regional (that is, spatial) variation in the frequency curve attributable to potential explanatory variables as listed.
Weighted-frequency analysis recognizes that the available record for most streamgages other than those for this investigation is comparatively short for reliable distaltail (extreme, and therefore rare, low-and high-streamflow) estimation. Weighted-frequency analysis incorporates the blending of a regional frequency curve with a site-specific curve that is based on the available data at a particular streamgage. A general algorithm for weighted-frequency analysis based on the AEP(Θreg) can be derived that hydrologists and engineers might find useful for investigating the annual mean streamflow in Texas for unregulated watersheds. The steps for using the algorithm with the data from a given streamgage in an unregulated watershed are as follows:
1. Acquire the annual mean streamflow data (X) in cubic feet per second for the selected streamgage and record the length of record (m) for a later step; 2. Add 10 ft 3 /s (an arbitrary value) to the annual mean streamflow data as protection against the potential for zero-flow annual values in step 1: X+10; 3. Compute the base-10 logarithmic transformation of the offset annual mean streamflow data in step 2: X = log 10 (X+10);
4. Compute the first six L-moments (mean through Tau6, [lmoms(X, nmom=6)], Asquith [2013] ) of the data in step 3 and particularly record the "site-specific mean" (mu) for a later step;
5. (Optionally perform a subtask of candidate distribution evaluation and use the chosen distribution). Fit the AEP or other distribution to the L-moments (this is known as the method of L-moments [Hosking, 1990; Asquith, 2011] ) computed in step 4 to create a site-specific frequency curve and let this distribution be known as S;
6. Let R be the regional annual mean frequency curve computed from AEP(Θreg) multiplied by the site-specific mean mu of step 4; 7. Compute a weighted combination Q of the dimensionless distributions for nonexceedance probabilities or quantiles of interest better stated as the straightforward proration Q = (mS+69R) / (m+69), and note that Q remains in logarithmic space;
8. Detransform the frequency curve in step 7: Q = 10 Q ;
9. Subtract 10 ft 3 /s: Q = Q − 10; and lastly 10. Set all negative values to zero, which is an ad hoc truncation to physical constraints, by using a vector operation that all Q[Q < 0] = 0.
Quantiles of interest in step 7 might be, for example, the 0.02 annual nonexceedance probability that represents a year of drought or a 0.98 annual nonexceedance probability that represents streamflow during a water year having abundant rainfall relative to long-term climatic expectations. For graphical purposes, a sequence of quantiles for nonexceedance probabilities between say 0.01 and 0.99 in increments of 0.01 would be useful to draw smoothly varying frequency curves.
An example application of the algorithm used with USGS streamgage 08123800 Beals Creek near Westbrook, Tex., is shown in figure 3 , in which the 54 years of annual mean streamflow data for this streamgage are depicted.
The site-specific AEP or S (step 5 of the algorithm) fit by L-moments of the offset base-10 logarithms is AEP(1.315, 0.343, 0.688, 2.500). The site-specific L-moments are mean = 1.4528, L-scale = 0.1368, L-CV = 0.0941, L-skew = 0.0769, L-kurtosis = 0.0917, Tau5 = 0.0180, and Tau6 = 0.0326 (table 3) . The site-specific frequency curve S is shown as the dashed black line in figure 3 as well as its dimensionless PDF (mean = 1, L-scale = 0.0941) in the inset. As anticipated, S closely approximates the actual distribution of the 54 observed values.
The offset base-10 logarithmic mean of the streamflow data for USGS streamgage 08123800 Beals Creek near Westbrook, Tex., is 1.452, so R is 1.452 multiplied by AEP(Θreg) (table 3). The resulting regional frequency curve or R (step 6 of the algorithm) is shown as the dashed red line in figure 3 as well as its dimensionless PDF (dimensionless meaning that the mean = 1, L-scale = 0.0857) in the inset.
Comparison of the PDFs in the inset in figure 3 shows that the two PDFs are reasonably similar to each other. The dashed black line results from 54 years of data, whereas the dashed red line results from a total of 2,375 total years of data (albeit not all of the individual years are truly independent of the others).
Regional information about the geometry and shape of annual mean streamflow from other streamgages in Texas can be incorporated into the algorithm. The weighted-frequency curve Q (step 10 of the algorithm) is shown as the black line in figure 3 and clearly resides between the two dashed curves as expected. The weighed frequency curve might provide preferable quantile estimation for years with extremely rare annual mean streamflow because of the inclusion or pooling of information from the 35 long-term streamgages that lack statistically significant trends in annual mean streamflow.
The enumerated steps related to the example application just described are an overview of a relatively simplified method for estimating mean streamflow frequency. The result is an outline of a technique that hydrologists and engineers might find useful for evaluating annual mean streamflow in Texas for unregulated watersheds; for example, the dimensionless regional frequency curve shown in figure 3 (when multiplied by the estimated mean annual streamflow from the equations by Lanning-Rush [2000] ) could be used to evaluate the magnitude and frequency of annual mean streamflow. The example application uses a single regional frequency curve for illustration purposes. By incorporating additional variables to account for spatial variation in rainfall (variation in mean annual precipitation for instance), topography, geology, and other factors that influence the magnitude and frequency of annual mean streamflow, the reliability of the method described in this report could be enhanced (Hosking and Wallis, 1997; Nuñez and others, 2011) .
Summary
In 2013, the U.S. Geological Survey (USGS) operated more than 500 continuous streamgages (streamflow-gaging stations) in Texas. In cooperation with the Texas Water Development Board, the USGS evaluated mean annual streamflow data for 38 selected streamgages that were active as of water year 2012. The 38 streamgages have annual mean streamflow data anticipated to be representative of watersheds through 2013 that can be considered natural and unregulated. Long-term streamflow data representative of natural and unregulated watershed conditions are useful for evaluation of changes (trends) in streamflow attributable to systematic landuse changes, changes in groundwater gains or losses, climate cycles and changes, statistical vagaries, and other influencing factors. Annual mean streamflow data are especially diagnostic because these statistics can be used to compute mean annual streamflow over long periods of time and represent the expectation of the annual volume of water measured at a streamgage. The 38 streamgages have at least 49 and as many as 97 cumulative years of annual mean streamflow data; the average period of record is 68 years. The minimum contributing drainage area (CDA) is about 43 square miles (mi 2 ), the mean CDA is about 788 mi 2 , and the maximum CDA is about 4,190 mi 2 . The streamgages are scattered around the central and eastern parts of Texas.
The Kendall's tau statistical test was used to detect monotonic trends in annual mean streamflow over time. Three stations have statistically significant trends. The monotonic trend analysis detected 2 statistically significant upward trends (0.01 one-tail significance), 1 statistically significant downward trend (0.01 one-tail significance level), and 35 instances of no statistically significant trend (0.02 twotailed significance level). These results are not surprising given that the streamgages were screened to only include those where the streamflow was thought to be natural and unregulated for the entire period of record at each station.
For the three stations where trends in streamflow were detected, the Theil slope estimate of a regression slope of annual mean streamflow with time was computed in units of cubic feet per second (ft 3 /s). Two increasing Theil slopes were measured (+0.40 and +2.72 ft 3 /s per year, respectively), and one decreasing Theil slope (−0.24 ft 3 /s per year) was measured.
Selected summary statistics (L-moments) and sampling variances for the 35 streamgages lacking statistically significant trends were computed. These statistics of annual mean streamflow for each streamgage represent a collection of different numerical values that together describe the location, scale, and various metrics of shape of the observed data. An example application of selected summary statistics (regional L-moments) to estimate the magnitude and frequency of annual mean streamflow is provided. In this example, the regional L-moments of annual mean streamflow in Texas are used to quantify the scale and shape of a dimensionless regional probability distribution. The term "regional" is intended to encompass a conceptual spatial scale that is congruent with the distribution of the 35 streamgages with natural and unregulated streamflow and lacking statistically significant trends. The 4-parameter asymmetric exponential power (AEP) distribution was chosen from more than 20 possible distribution forms. The example application uses a single regional frequency curve for illustration purposes. A technique was derived that hydrologists and engineers might find useful for evaluating annual mean streamflow in Texas for unregulated watersheds, and the steps for using the algorithm with the data from a given streamgage are described. More refined dimensionless regional frequency curves that account for spatial variation in rainfall (variation in mean annual precipitation for instance), topography, geology, and other potential factors could be developed by following the process outlined in the example application.
